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Abstract

Live fuel moisture content (LFMC) is a crucial variable affecting fire ignition and spread.
Satellite remote sensing has been effective in estimating LFMC over large spatial scales,
but continuous sub-daily (e.g., every 10 mins to hourly during daylight) LFMC
monitoring from space is yet to be accomplished. Using the geostationary satellite
Himawari-8 temporally dense observations every 10 mins, this study designed a
generalized reduced gradient (GRG) numerical optimization method coupled with
PROSAILH_5B radiative transfer model (RTM) to track the sub-daily LFMC dynamics.
This method simultaneously accounted for the changing sun-target-sensor geometry bi-
directional reflectance distribution function (BRDF) effect on Himawari-8 AHI
reflectance. LFMC field measurements from Australia and China validated the LFMC
estimation from Himawari-8 AHI. In addition, they were also compared to estimates from
two broadly used polar-orbiting satellites, the Landsat-8 OLI and Terra+Aqua MODIS.
At the sub-daily scale, the LFMC estimated using the GRG method from Himawari-8
AHI yielded reasonable accuracy (R?=0.61, rRMSE=20.78%). When averaged to a daily
scale, the accuracy of LFMC estimation based on the Himawari-8 AHI was lower (R?:
0.60-0.61, rRMSE=25.38%-26.58%) than that based on the Landsat-8 OLI (R?: 0.68-
0.79, rRMSE=18.11%-25.89%) and Terra+tAqua MODIS (R%* 0.63-0.76,
rRMSE=19.73%-25.84%). However, after removing some heterogeneous measurements,
the difference in the accuracy of LFMC estimates among these three data sources got
smaller and improved (R% 0.72-0.82, rRMSE=17.96%-23.84%). Furthermore, the
method proved its feasibility and applicability to identify fire danger conditions through
two wildfire case studies: one in Queensland (Australia, 2019) and another in Xichang
(China, 2020). These studies showed that the wildfires started when the Himawari-8 AHI-
based sub-daily LFMC reached its daily minimum. Therefore, this study serves as a
foundational step toward estimating sub-daily LFMC dynamics, an important yet

overlooked factor in assessing sub-daily fire danger and behavior.

Keywords: Wildfires; live fuel moisture content; sub-daily scale; Himawari-8;

Geostationary satellite; Numerical optimization; Radiative transfer model
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1. Introduction

Wildfires are becoming an increasing threat to many communities worldwide,
releasing atmospheric greenhouse gases, accelerating global warming and climate change,
and threatening human life and welfare (Argafiaraz et al. 2015; Cao et al. 2013; Collins
et al. 2021; Johnston et al. 2020; Jolly et al. 2015; Moritz et al. 2012; Nolan et al. 2020;
Ward et al. 2020). Near real-time wildfire danger assessment over large areas is thus
essential for early warning and management (Chuvieco et al. 2010) and to achieve the
2015 United Nations 2030 Sustainable Development Goals (SDGs). Live fuel moisture
content (LFMC), defined as the percentage of water content over dry mass, is a critical
variable in fire ignition and spread to understand wildfire risk and its behavior (Gill et al.
1978; Grootemaat et al. 2015; Quan et al. 2023; Quan et al. 2021c; Resco de Dios et al.
2021; Vinodkumar et al. 2021; Yebra et al. 2013). Traditional field sampling for LFMC
monitoring shows high accuracy, but is time-consuming, with high costs, and cannot be
applied at large scales (Yebra et al. 2019a). Remote sensing techniques can estimate
LFMC, providing the opportunity for spatial-temporal continuous monitoring from
regional to global scales (Fan et al. 2018; Nolan et al. 2016; Quan et al. 2021c; Rao et al.
2020; Yebra et al. 2013; Zhu et al. 2021).

Previous studies reported LFMC estimates through different satellites, sensors, and
reflectance products, such as Sentinel-2A/B (Sibanda et al. 2021), the Landsat series
(Garcia et al. 2020; Quan et al. 2017), the Moderate Resolution Imaging
Spectroradiometer (MODIS) reflectance products (Arganaraz et al. 2016; Myoung et al.
2018; Yebra et al. 2008; Yebra et al. 2018; Yebra et al. 2019a; Zhu et al. 2021), and the
Advanced Very High-Resolution Radiometer (AVHRR) (Garcia et al. 2008). Active and

passive microwave remote sensing also produced LFMC estimates (Fan et al. 2018; Jia

4
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etal. 2019; Rao et al. 2020; Tanase et al. 2015; Wang et al. 2019). While promising, these
remote sensing technologies can only deliver data at a relatively low temporal resolution
(1-16 days), with spatial resolution ranging from 10 m to the tens of km. Among them,
MODIS is the most widely used remote sensing data for monitoring LFMC globally,
given its moderate spatial resolution (250-1,000 m) and daily temporal resolution with a
morning and an afternoon satellite overpass (Yebra et al. 2013).

Despite advances in monitoring LFMC dynamics from daily to seasonal scales,
methods to obtain the continuous sub-daily variations (e.g., every 10 mins to hourly
during daylight) of LFMC are currently lacking. These sub-daily LFMC variations can
be critical, when moving from a wet to a dry season. For example, this transition period
lasts only one month in Mediterranean savannas, passing grasslands from fully turgid to
completely dry (Luo et al. 2018). Another critical time is during the very high
temperatures of the fire-prone season, when vegetation suffers changes in LFMC during
the day because their roots are not able to replenish water losses by evapotranspiration.
This fact was documented even for irrigated tree plantations from airborne hyperspectral
data (Cheng et al. 2013; Cheng et al. 2014). Additionally, the knowledge of sub-daily
dynamics of LFMC improves the understanding of wildfire danger variations over the
course of a day, enhancing the ability for earlier assessment and control, as well as
detection of sub-daily cycling of ecosystem processes (Jeong et al. 2023; Khan et al. 2021;
Xiao et al. 2021). To this end, the Advanced Himawari Imager (AHI) onboard the new-
generation geostationary meteorological satellite Himawari-8 opens an opportunity for
monitoring the sub-daily LFMC dynamics, with observations every 10 mins under Full
Disk Mode.

LFMC estimates from remotely sensed spectral data often rely on statistical

correlations (Arganaraz et al. 2016; Marino et al. 2020; Nolan et al. 2016). These methods
5
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are easy to implement, but their drawbacks are being sensor and site-specific (Caccamo
et al. 2012; Quan et al. 2017; Yebra et al. 2018). In recent years, deep learning models
have emerged as a promising data-driven alternative for large-scale LFMC mapping
(Miller et al. 2022; Zhu et al. 2021). However, the accuracy of these models is heavily
dependent on the availability of ground LFMC samples, thereby limiting their
applicability to regions with limited or no ground LFMC measurements. Based on
physical laws that consider the mechanistic influence of vegetation on electromagnetic
waves, radiative transfer models (RTMs) provide replicable LFMC estimates with
explicit connections to canopy spectra (Casas et al. 2014; Marino et al. 2020; Quan et al.
2017; Riafio et al. 2005; Yebra et al. 2018).

The LFMC estimated from RTM requires an appropriate method for model
inversion. This typically involves the use of a lookup table (LUT) algorithm (Estevez et
al. 2020; Jurdao et al. 2013; Qin et al. 2008; Quan et al. 2021a; Quan et al. 2021c; Yebra
et al. 2013). The LUT algorithm is a comprehensive optimization technique that
establishes the dimensions of the free variables and step length during the construction of
the table. However, the construction of the LUT becomes challenging due to the
requirement of multiple input parameters with various directional and spectral
configurations (Qin et al. 2008). To use Himawari-8 AHI data, additional computational
complexity is needed to account for changes in geometric observation parameters, such
as solar zenith and satellite observation angles. To mitigate the LUT algorithm
limitations, a numerical optimization-based approach can be employed. This method
offers flexibility in dealing with arbitrary directional and spectral configurations,
handling numerous variables, and accommodating a wide range of practical scenarios

(Fang et al. 2003).



©CO~NOOOTA~AWNPE

133

134

135

136

137

138

139

140

141

142

143

144

145

146

147

148

149

150

151

152

153

154

155

Within this context to improve wildfire planning, prescription, and suppression, this
paper assesses the capability of Himawari-8 AHI data to retrieve sub-daily LFMC from
RTM inversion through generalized reduced gradient (GRG) numerical optimization-
based algorithms with a two-stage inversion strategy. Multiple sources of prior
knowledge iteratively constrained the PROSAILH_5B RTM (Feret et al. 2008; Verhoef
1984) to improve the LFMC estimations. Field LFMC measurements from Australia and
China validated the Himawari-8 AHI-based LFMC. In addition, results were also

compared to Landsat-8 OLI and Terra+Aqgua MODIS based LFMC estimates.

2. Data

2.1. LFMC field measurements

LFMC measurements from five Australian and five Chinese sites validated LFMC
estimations (Fig. 1 and Table 1). The LFMC from Chinese sites was sampled multiple
times during one day between 10:00 AM to 4:00 PM, at 10 mins to 2 hours intervals,
including one grassland site in Qinghai Lake Basin (QLB), three evergreen forest sites
near the Xichang city (Xichang 1 and Xichang 2) and near the Dali city, and one evergreen
forest site in Xisaishan site. The sampling period was selected before or during the fire
season for each site. The Australian sites were in the Australian Capital Territory (ACT)
and New South Wales (NSW), including one grassland site adjacent to Coppins Crossing
Road (ACT, CCR), two evergreen forest sites in Namadgi National Park (NNP1, and
NNP2), and two evergreen woodland sites in the Cumberland Plain woodland
(Cumberland Plain SuperSite (NSW, CPS) and EucFACE site (NSW, EucFACE)). These
Australian sites were sampled once a day between 10:00 AM and 2:00 PM to represent

the highest fire danger conditions during the day.
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The sample sites were selected to be relatively homogeneous and distributed with
the same species. Specifically, the grassland sites (CCR and QLB) in Australia and China
consisted of native grass, Pinus yunnanensis was predominant at the Xichang site and
Dali site, while bamboo, Eucalyptus globulus Labill, E. tereticornis, E. fibrosa and E.
moluccana were at the Xisaishan, the Namadgi, the EucFACE, and the CPS sites,
respectively. To match the size of the Himawari-8 AHI pixel, each site had at least 4 km?,
and was commonly larger. Within this size, the species, weather conditions, and terrain
were generally consistent across the sites. Despite this, the LFMC validation can also face
the additional challenge of the mixed pixel effect on such coarse 2 km Himawari-8 AHI
pixels. To assess the homogeneity of the selected sites, the coefficient of variation (CV)
was computed using the standard deviation (NDVIsp) and mean (NDVlmean) of
normalized difference vegetation index (NDVlcv, Eg. 1 and 2) values from Landsat-8
OLI pixels within each Himawari-8 AHI pixel. The LFMC measurement of a given site
served for validation only when the NDVIcv was below 15%, as suggested by Quan et al.

(2021c) (Fig. S1).

NDV] = ENIRZPRed (1)
PNIR*PRed
NDVigy = -2 x 100% )

mean

Samples collected for LFMC and other variables in Chinese sites followed the same
protocol, as in previously published studies (Quan et al. 2017; Yebra et al. 2013; Yebra
et al. 2019b; Youngentob et al. 2016). The leaf area index (LAI, m*m?) was measured
using a fisheye camera system (Hemiview & EOS60D & Sigma EX DCA4.5). A laser
altimeter (ORPHA 800A) recorded the trees’ width, height, shape and crown type.
Canopy and understory leaves were sampled to determine the range of chlorophyll a and

b content (Cap, pg/cm?), leaf area (LA, cm?), equivalent water thickness (EWT, g/cm?),

8
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and dry matter content (DMC, g/cm?). LA was measured in situ using a LI-3000C. A
SPAD-502 portable meter measured Ca, and converted to pg/cm? units based on Eq. (3)
(John et al. 1995). The LFMC was collected from both the canopy and understory layers
on four sub-sites, including leaves from different branches and trees. Following the
method described by Youngentob et al. (2016), leaves from the canopy were collected
using an arborist throw-line launcher. The grassland LFMC was collected from all the
aboveground live fuel. Placed in a sealed bag, the collected samples returned to the
laboratory for weighing (W¥,..s,) and then they were transferred to paper bags to be oven-
dried for 24 h at 105 °C (Matthews 2010). Once dried, the samples were weighed again
to determine the dry weight (Wg,-y). The LFMC, EWT and DMC of each sample were
calculated as the percentage difference of fresh and dry weight (Eg. 4-6). The mean
LFMC value from these samples was calculated to represent the LFMC at that particular
site. This approach minimized the effects of individual leaf variation and ensured that the
sample size was sufficient for comparison across different times and seasons. The LFMC
measurements for Australian sites were available from previously published works in

Griebel et al. (2023); Nolan et al. (2022); and Yebra et al. (2018) (Table 1).

DO 265

C,, =10°"""" x0.08955, SPAD & (1,100) (3)
LFMC = Zreshary o 10094 (4)
dry

EWT = Wrresh—Wary (5)

LA

_ Wary
DMC =—=2 (6)
9
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Table 1. LFMC measurements in China and Australia.

Country Sites Fuel class Sampling time Latitude Longitude  Count Sources
Coppins (%rc‘);s)i”g Grassland Oggﬁf;é: oo 352787 1490550 33 Ye(gg‘l%t)a"
Ng’;ridfi(sﬁﬂ,ol’;a' Forest Oggﬁf;é: ooloT 355079 1488165 19 Ye(gr(‘)""l%t)a"

Australia Nﬁ';r?(dzgi(sﬁg;a' Forest OESE?;& ggig T 356071  148.8657 18 Ye(gg‘lzt)a"
U g SO o Mmdd

EucFACE Woodland A%%‘r‘]set 123 ;821;; T 33619 150.738 13 g”?zbgése)t
%!‘S?Ea(b'fgf Grassland UV 282'0?;’9““ 2 995861 37.2040 70 Thisstudy
China Xichang 1 Forest December 6-9, 2020  28.2569 102.2915 12 This study
Xichang 2 Forest March 16-20, 2021 27.9277 102.2941 23 This study
10


https://services.arcgisonline.com/arcgis/rest/services/World_Imagery/MapServer

©CO~NOOOTA~AWNPE

208
209

210

211

212

213

214

215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

Xisaishan Forest January 6-8, 2023 30.7801 119.9984 9 This study

Dali Forest March 20-25, 2023 25.9942 100.3166 54 This study

2.2. Satellite data

2.2.1 Himawari-8 AHI data

The Japan Meteorological Agency (JMA, https://www.eorc.jaxa.jp/ptree/) issues the
standard Himawari-8 AHI albedo product (Level 1 Gridded full disk). The product is
generated from the Himawari Standard Data, re-sampled to equal latitude-longitude grids,
with 500m—2km spatial resolution and 10 mins temporal resolution. For each site in
Australia and China (Table 1), this study downloaded the corresponding Himawari-8 AHI
images between 9:00 AM and 5:00 PM (GMT+8 for China/GMT+10 for Australia) at 10-
mins intervals with 2km spatial resolution. Furthermore, Himawari-8 AHI images were
geometrically corrected at nadir and atmospherically corrected with the Simplified and
Robust Surface Reflectance Estimation Method (SREM) method (Bilal et al. 2019). The
SREM was constructed based on the satellite signal in the solar spectrum radiative
transfer model equations, without integrating information on aerosol particles and
atmospheric gases.

To select clear sky pixels, this study utilized the atmospheric parameter products,
e.g., Aerosol Optical Thickness, Cloud Optical Thickness, and Cloud Type, obtained
from the JAXA Himawari Monitor P-Tree System (Ishimoto et al. 2012, 2013; Letu et al.
2016; Letu et al. 2014; Letu et al. 2019; Letu et al. 2012; Masuda et al. 2012; Nakajima
et al. 2011). These products are available every 10 mins at 5 km scale for full-disk.
Analysis of all these products and their cross-validation ensured the accuracy. The sky
conditions based on the weather conditions observed during fieldwork designated pixels

depicting clear skies. Finally, the Cloud Optical Thickness product was selected to
11
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identify the weather conditions corresponding to the fieldwork records. By considering
this product and the NDVicy < 15% (Eq. 2), 18 grassland measurements and 7 forest
LFMC measurements were excluded from the assessment of satellite-derived LFMC

estimates.

2.2.2 Landsat-8 OLI

Landsat-8 OLI standard reflectance product was downloaded from the United States

Geological Survey (USGS, https://earthexplorer.usgs.gov). This product includes seven

bands spanning from visible (V1S) to shortwave infrared (SWIR), with a spatial resolution
of 30 m, and is updated every 16 days. This analysis retained only the matches between
field measurements and the closest available time for a Landsat-8 image. Additionally, a
quality assurance (QA) value of 322 in the Landsat-8 OLI QA product selected cloud-

free observations.

2.2.3 Terra+Aqua MODIS

The Nadir Bidirectional Reflectance Distribution Function Adjusted Reflectance
(MCD43A4.006) (Schaaf et al. 2002), the Fraction of Photosynthetically Active
Radiation (FPAR) and LAI (MCD15A3H.006) (Myneni et al. 2002) MODIS products
were downloaded from the Land Processes Distributed Active Archive Center (LPDAAC)
at the USGS Earth Resources Observation and Science Center (EROS)

(http://Ipdaac.usgs.gov). The selection of the Quality Assessment flag with ideal quality

(QA=0) of the closest time at each location within 16 days ensured the excellence of the
500 m MCD43A4.006 reflectance data. The MCD15A3H.006 consists of a 4-day LAl
composite at 500 m. Only ‘good quality’ pixels without cloud, snow, and shadow
according to the “FparLai QC” and “FparExtra QC” layers provided the initial LAI

value to estimate LFMC in the numerical optimization process (Section 3.5).
12
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3. Methods

Prior information from field measurements and literature review parameterized the
PROSAILH_5B RTM with ecological rules to constrain the RTM inversion. The
numerical optimization method of GRG optimized the RTM for robust and accurate
LFMC estimation from Himawairi-8 AHI, Landsat-8 OLI, and MCD43A4 products.
Furthermore, the free variables in the PROSAILH_5B RTM have different spectral
sensitivities. To address this issue, a two-stage inversion strategy optimized the sensitive
variables first and then the least-sensitive variables. Finally, the field LFMC campaigns
conducted once a day in Australia and sub-daily in China validated the LFMC estimates
from Himawari-8 AHI, and served for comparison between the performance of LFMC

estimates from the three above mentioned remote sensing products.

3.1 PROSAILH_5B parameterization

The PROSAILH 5B RTM estimated LFMC from Himawari-8 AHI data. The
performance of this RTM to estimate LFMC has been widely verified and applied in
previous studies (Quan et al. 2015; Quan et al. 2017; Riafio et al. 2005; Yebra and
Chuvieco 2009; Yebra et al. 2018). It takes the output of leaf reflectance and
transmittance of the PROSPECT leaf optical model (Feret et al. 2008; Jacquemoud and
Baret 1990) into the canopy bidirectional reflectance SAILH model (Scattering by
Arbitrary Inclined Leaves with a hot spot) (Kuusk 1991; Verhoef 1984).

PROSPECT leaf optical model is widely applied for broad leaves and it is still
reasonable for needle leaves (Cheng et al. 2006). PROSPECT-5 requires leaf variables,
such as leaf structure parameter (N, unit-less), DMC (g/cm?), EWT (g/cm?), and main

pigment contents, i.e., Ca» (ng/cm?), leaf brown pigment content (Cpp, unit-less) and
13
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288
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290
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292
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295

carotenoid content (Car, pg/cm?). To simulate the canopy spectra, SAILH also requires
LAI, hot spot factor (hspot, unit-less), two leaf inclination distribution function
parameters (LIDF. and LIDFy), sun zenith angle (tts, °), observer zenith angle (tto, °),
relative azimuth angle (psi, °) and a soil factor (psoil, unit-less) ranging from 0 (wet soil)
to 1 (dry soil) to characterize the soil moisture level.

Based on the field measurements and previous studies (Casas et al. 2014; Quan et
al. 2015; Quan et al. 2017; Yebra et al. 2008), the input values in Table 2 parameterized
PROSAILH_5B RTM. The least sensitive parameters, i.e., N, Cpp, Car, and hspot were set
to the empirical values for grassland and forest regions (N=2, Crp=0, Ca=8 pg/cm?,
hspot=0.01). LIDF was set to erectophile, spherical, and planophile for grasslands (Wang
et al. 2013) and ellipsoidal for forests (Casas et al. 2014). Following previous PROSAILH
studies (Bowyer and Danson 2004; Casas et al. 2014; Quan et al. 2021c; Riafio et al. 2005;
Yebra and Chuvieco 2009; Yebra et al. 2008), LFMC estimation was sensitive to the
vegetation and soil variables of Ca, EWT, DMC, LA, and psoil. Therefore, they were
set as free variables. The geometric parameters (i.e., tto, tts, psi) are available in each
satellite metadata and vary according to the sampling date, region, latitude, and sensor

type, challenging the model parameterization in Table 2.
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Table 2. PROSAILH_5B parameterization for Himawari-8 AHI based LFMC estimations in Australia and China.

RTMs Input parameters Variable Unit China Australia
Leaf structure parameter N / 2 2
Chlorophyll a + b content Cab pglcm? 20-60 20-60
. . 0.001-0.03 (Grassland); 0.004- 0.001-0.017 (Grassland); 0.001-
2
N Equivalent water thickness EWT g/lcm 0.02 (Forest) 0.03 (Forest/Woodland)
0.005-0.015 (Grassland); 0.001- 0.005-0.015 (Grassland); 0.001-
2
Dry matter content DMC glem 0.015 (Forest) 0.015 (Forest/Woodland)
Brown pigment Cop / 0 0
Carotenoid content Car ug/cm? 8 8
Sun zenith angle tts ° 30-50 14-55
View zenith angle tto ° 30-60 30-50
Relative azimuth angle psi ° 0-130 2-64
: 272 0.1-7.0 (Grassland); 0.5-3.0 0.3-3.5 (Grassland); 0.3-5.0
Leaf area index LAl me/m (Forest) (Forest/Woodland)
Hot spot factor hspot / 0.01 0.01
SAILH-4
Two leaf inclination distribution LIDFa Grassland (erectophile, spherical, Grassland (erectophile, spherical,
function (LIDF) parameters / and planophile); Forest and planophile); Forest/Woodland
LIDF ellipsoida ellipsoida
P b (ellipsoidal) (ellipsoidal)
Soil factor psoil / 0.2-1.0 (Grassland); 0.3-1.0 0.3-1.0 (Grassland); 0.2-1.0

(Forest)

(Forest/Woodland)
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3.2 Ecological rules

A major challenge for RTM-based LFMC estimations is the broadly known ill-posed
inversion problem, in which different RTM input combinations correspond to almost
identical spectra (Quan et al. 2015; Yebra and Chuvieco 2009; Yebra et al. 2013).
Consequently, it confuses the inversion to retrieve LFMC accurately. Yebra and
Chuvieco (2009) pointed out that the RTM input variables are not independent of each
other, but they are naturally correlated. Ignoring this fact generates unrealistic spectra that
aggravate this ill-posed inversion problem.

To address this issue, ecological rules regularize the RTMs to make the LFMC
simulation scenario more realistic (Quan et al. 2021c; Yebra et al. 2008). Here, the
ecological rules among LFMC, LAI, and EWT were mainly derived from the field
measurements taken in this study and also from the measurements in LOPEX1993
(Hosgood et al. 1995) and ANGERS2003 (Feret et al. 2008) leaf optical properties
databases (Fig. 2). This prior information is explained in detail in Quan et al. (2021b).
According to field measurements, Chinese sites exhibited an overall clear positive linear
relationship between LFMC and LAI (R?=0.37, p<0.05) or EWT (R?=0.18, p<0.05) for
grasslands, as well as LAI for forest (R?=0.43, p<0.05). In Australia, there was a strong
correlation between grassland LFMC and LAI estimates form MCD15A3H.006
(R?=0.90, p<0.05), whereas forest LFMC showed a weaker correlation with LAl
(R?=0.29, p<0.05). Following Quan et al. (2021c), the RTM modelling phase introduced
these relationships by adopting Eq. (7) to calculate the joint posterior probability

distribution of the more likely variable combinations:

1 9y)  rxk
feoy) = Q- )
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where x and y are the variables between LAI, LFMC, and EWT; the f(x,y) is the joint
posterior probability distribution of x and y variables; g(x,y) is the fitted function in Fig.
2; r is the correlation coefficient and k is a controlling factor that a higher k value can
generate more constrained variable combinations (k = 10, following Quan et al., 2021b).

This approach removed unrealistic simulation scenarios.
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Fig. 2 Scatterplots of the relationships between LFMC and LAI or EWT for forest (a) and
grasslands (b-c) in China; and forests (d) and grasslands (e) in Australia. Only the
relationships with p<0.05 were shown here and selected as ecological rules to constrain

the RTM inversion.

3.3 The numerical optimization GRG method

The RTM-LUT inversion is broadly preferred as an optimization method in the
literature (Casas et al. 2014; Jurdao et al. 2012; Quan et al. 2021c; Yebra et al. 2018).
Nevertheless, it is not computationally feasible to apply it for the Himawari-8 AHI-based
LFMC estimation here. The changing sun-target-sensor geometry every 10 minutes

would make the LUT dimension extremely high to account for the BRDF effect properly.
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The built LUT would also be infeasible when applied to other regions with different
circumstances than China and Australia, since the changing rates in tto, tts, and psi vary
from region to region. Additionally, arbitrary prior linear or non-linear information
cannot be updated into the inversion process without rebuilding the LUT. To overcome
this situation, this study applied a GRG to optimize the RTM. Arbitrary directional and
spectral configurations with numerous variables and prior information can easily extend
this method. GRG solves the optimization problem with the gradient and feasible
direction of the target function. This method requires a cost function determination
between the simulated and observed spectrum. To build this cost function (T, Eg. 8), this
study selected the most broadly used Vegetation indices (VIs) that are sensitive to
vegetation moisture variation (Caccamo et al. 2012; Nolan et al. 2016; Quan et al. 2017;
Quan et al. 2021c; Yebra and Chuvieco 2009; Yebraet al. 2018): NDVI (Eq. 1), enhanced
vegetation index (EVI, Eq. 9), normalized difference infrared index (NDII, Eq. 10) and

visible atmospheric resistant index (VARI, Eg. 11).

T = \/Z(Vlobservation - Vlsimulation)2 ,VI1 € (NDVI,EVI,NDII and VARI) (8)

EVI — 2.5 X PNIR—PRed (9)
PNIRT6XPRed—7.5XPBIyet1
NDI] = ENIRZPSWIR (10)
PNIRTPSWIR
VARI — (PGreen_PRed) (11)

(PGreentPRed—PBlue)

where Vlobservation and Vlsimulation are the four observed Vs from satellite observations and
simulated Vs from PROSAILH_5B RTM, respectively. The pnir, pred, pGreen, pBive, and
pswir are the NIR, Red, Green, Blue, and SWIR reflectance bands, respectively.
Furthermore, the spectral response functions for each band of the Himawari-8 AHI

convolved the simulated spectra and VI to match the actual Himawari-8 AHI data.
18
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Traditionally, the LFMC estimation is a constrained optimization problem and can
be described in Eq. (8). The cost function T can be expressed as a composite function of
five free variables, i.e., Can, EWT, DMC, LA, and psoil (Eq. 12 and 13). For simplicity,
the variable LFMC substituted the variable DMC in the inversion procedure
(LFMC=EWT/DMCx100%) (Yebra et al. 2013). The optimal solution is the set of input

variables corresponding to the minimum T value (min T (X)).

mnT(X) 1<X<u

Cab _Ican _UC b ]
EWT I EWT u EWT (1 2)
X=|LFMC | I =l e | U=|Uepc
LAI Ia Upai
pSO” _Ipson | _upsoil |
Visimutation = PROSAILH(Cab, EWT, LFMC, LAI psoil) (13)

where X is the vector of independent free variables in PROSAILH_5B RTM, i.e., X=
(Can, EWT, LFMC, LA, psoil), with an upper boundary (u) and lower boundary (I). The
PROSAILH_5B parameterizations determine the initial boundaries (Table 2).

The partial derivative of each variable (the ith component of X, i.e., xi) in the function
follows the chain rule shown in Eq. (14). However, the direct calculation of the partial
derivative of each variable is highly complicated, since the cost function T contains the
complex PROSAILH_5B function. Hence, the TAPENADE toolkit (version: 3.6,

https://team.inria.fr/ecuador/en/tapenade), an Automatic Differentiation Engine

developed by the Tropics and Ecuador teams, solved the gradient (V'T) to search for the
optimal solution. This toolkit obtains the partial T derivative to each variable (x;)

establishing the adjoint PROSAILH_5B model (Qin et al. 2008), which is defined as the

3p(X)

axi )

partial derivative of this model to each variable (xi), i.e.,
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oT oT oT oT
aca "OEWT’ OLFMC’ dLAI’ dpsoil

VT = (= )

ap(X (14)
= G ly=pix) 2222, p(X) = PROSAILH(X)

_xl
To solve constrained numerical optimization problems, the GRG first calculates the

feasible direction gradient (dk), considering the boundary conditions of the variables using

Eqg. (15).
w=-T
ox =X
df :{O’ O =155 >0) | (K =uf, 1 <0) (15)
W U O = <O 0 = Ut > 0)
_C:b | Ik,, | Uéh déb ]
EWT* lewr Uur dfy
Xy = LFMC* | I = Ifeye | U = | Ufene | di =| dlrmc
LAI* IllfAl ulleI dEAl
_psoil" J I;l;son ul:)so” dgson

where [¥ is the lower bound (lk) of xi in the kth iteration and u” is its upper bound (ux).
The PROSAILH_5B model parameterizations and constraints described in Eq. (8)
determine the x; bound (see Section 3.1). The rule in Eq. (16) determines the search step
length (Ax), where Ao is the maximal step.

| Cly+Adg,
EWT*+Ad{,
4 =max{A |1, <| LFMC*+4d¥, . |<u, ,A:%,%A@,%ﬂo,...} (16)
LAIK+2d],,
p50|l +2d*

psoil

If Ak is found, Eq. 17 updates X and then Ik and uk, according to the constraints in

Fig. 2 and Eq. (7).

_C;bﬂ ] _C;b +A déab
EWT EWT*+4.dE,,
X,y =| LEMC*™* |=| LFMC*+4,d /¢ a7
LAIF? LAI*+2,df,
| psoil ™| pson +2,d 5
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Finally, when Eq. (18) meets the condition, the iteration stops and exports X-1.

|dis1] = \/ (dérD? + (diwr)? + (difne)? + (i) + (dpi)? < € (18)
where di+1 is the feasible direction gradient in the k+1th iteration and ¢ is the margin of

deviation.

3.4 Two-stage inversion strategy

As shown in Table 3, the five free variables have different sensitivities to the canopy
spectra. EWT, LAI, and psoil are sensitive to the canopy spectra with the high absolute
partial derivative of T (i.e., |‘;—z| in Table 3), whereas LFMC and Can, are weakly sensitive
to the simulated canopy reflectance with much slighter gradients (i.e., 10 - 103). If
deriving all five parameters simultaneously, slow convergence speed and small search
step length occur. To solve this issue, a two-stage inversion strategy estimates firstly the
sensitive parameters (LAI, EWT, and psoil as X) and secondly the weak ones (LFMC and
DMC as X') (Fig. 3). T1is the function of the sensitive parameters in the first stage, in
which the updated LFMC and Ca are input as constants. Meanwhile, T2 is the LFMC and
Cab function in the second stage, with EWT, LAI, and psoil updated in the first stage as
constants. To match the different sensitivity of these five variables, the deviation margins
(e1 and &2) are also set to be different. The initialization parameters (Ao and &) are
determined at the beginning of the LFMC inversion procedure, since they affect the
convergence speed and accuracy of the estimation. The smaller Ao and € give rise to slower
convergence with higher accuracy. In the numerical iteration process, the original range
of each free variable (Table 3) and ecological rules (Fig. 2) constrain the upper and lower

boundaries of each free variable to alleviate the ill-posed inversion problem by:
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Atmospheric Correction

(19)

where Ik is the lower bound of X in the kth iteration and ux is the upper bound.

Observed Vs
(NDVL EVL NDIL VARI)

Two-stage inversion strategy

Stage 1

Retrieved LFMC

Fig. 3 Methodological flowchart for the two-stage inversion strategy.

Due to the higher gradient of EWT, LAI, and psoil than LFMC and Cap, these three
free variables can fall into a local optimum. To solve this problem, a step search strategy
creates a grid with the initial parameters (i.e., EWT, LAI, and psoil) in terms of their

ranges and mean values (Table 3) in the first stage. This procedure reaches the final
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optimization by integrating the objective function values and the corresponding derivative

values.

Table 3. Sensitivity and initialization of free variables at the two stages

Stage  Variables |‘;—i|ranges

EWT 0.1-10
Stagel LAI 01-2
psoil 0.1-2
Stage2 "FCMC 10%- 107
ab

3.5 Initialization parameters of the GRG-PROSAILH_5B

For robust, accurate, and effective LFMC estimation, Table 4 summarizes the
suitable combination of the initialization of five free parameters, Ao, and €. The average
field measurements of 0.017 g/cm? for grasslands and 0.01 g/cm? for forests in the
Chinese sites and 0.01 g/cm? in the Australian sites set the initial EWT, based on the field
measurements and leaf optical properties databases (Fig. 2). The MCD15A3H LAl
product set the initial LAI, averaged within a Himawari-8 AHI pixel scale, for the
corresponding sampling time and sites in China and Australia. The psoil initial was 0.5,
representing a moderate soil moisture condition. The empirical equation between LFMC
and LAI (from the MCD15A3H product) rendered the initial LFMC (Fig. 2), while the
average value of the feasible range provided the initial Cap to 40 pg/cm?.

In the first stage of the LFMC inversion procedure, Ao was 1 for grasslands and
forests with a narrow feasible range of 1-10. The &:1 settings were 0.1 for grasslands and
4 for forests since there was a larger T gradient to the sensitive parameters (EWT, LA,
and psoil). In the second stage, the maximum step length (A'o) was limited to the wide
feasible range (500-5000), due to the smaller T gradient to weakly sensitive parameters,

LFMC and Ca. Here, the A'o for grasslands and forests were fixed to 2000 and 1000,
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respectively. The deviation margin (g2) has a much narrower range of 10°-10° and it was

fixed as 108, to ensure the LFMC estimations accuracy.

Table 4. Range and initialization parameters values for LFMC estimations.

Stage Parameters Ranges Initial values
Grassland  Forest Grassland Forest
Ao 1-10 1
& 0.1-1 1-5 0.1 4

0.017g/cm? (China) 0.01g/cm? (China)

stagel EWT 0.01g/cm? (Australia) ~ 0.01g/cm? (Australia)

LAI MCD15A3H/measured LAl
psoil 0.5
Ao 500-5000 2000 1000
stage? & 106-10% 10¢
LFMC / LFMC, 4 = g(LAly),in Fig. 2
Cab 40ug/cm?

3.6 Assessing LFMC estimations

3.6.1 Validation with in-situ measurements

The in-situ LFMC measurements from ten sites in Australia and China in Table 1
and Fig. 1 validated the sub-daily LFMC estimation from the Himawari-8 AHI data. The
LFMC measurements obtained from the Chinese sites were taken at the sub-daily scale
to validate the LFMC estimation derived from the closest time in the Himawari-8 AHI
data. Conversely, the LFMC measurements acquired from the Australian sites were
collected on a daily scale, specifically between 10:00 AM and 2:00 PM. Therefore, the
LFMC was initially estimated during this time and subsequently averaged to be compared
with the daily sampled LFMC measurements. The GPS was used to determine the
location of the sampling plots to match the Himawari-8 AHI pixel. As detailed in section
2.1, each site was homogeneous at the pixel size to ensure that the LFMC measurements
aligned with the Himawari-8 AHI observation. Subsequently, the corresponding optimal
Himawari-8 AHI pixel was chosen to be positioned within each site, while making efforts
to avoid mixing it with bare soil, water bodies, buildings, and other non-vegetation

obstructions.
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Two metrics characterized the LFMC estimates accuracy level, R? (Eqg. 20) and

relative RMSE (rRMSE, Eg. 21 and 22).

2 _ 1 _ Zk=a (M E*
RE=1 Tty (My—Mp)? (20)

RMSE = /w (21)

rRMSE = "= (22)

m

where My and Ex are the k'™ measured and estimated LFMC, M,, is the mean value of

LFMC measurements and m is the number of observations. The rRMSE is calculated as
RMSE divided by the mean of the variable measured in the field. The rRMSE allows the
comparison between variables of different ranges, since it is insensitive to the magnitude

of values and less sensitive to outliers (Casas et al. 2014; Richter et al. 2012).

3.6.2 LFMC estimates from Landsat-8 OLI and MCD43A4 at daily scale

This study also compared the daily scale LFMC estimations between Himawari-8
AHI and those taken at the same time once a day from broadly used polar-orbiting
Landsat-8 OLI and MODIS satellites. The averaged LFMC estimated from the Himawari-
8 AHI data between 10:00 AM and 10:40 AM was compared to the Landsat-8 OLI data,
since the Landsat-8 OLI overpasses these sites around that time. Likewise, the average
LFMC estimated from the Himawari-8 AHI data between 10:30 AM and 1:30 PM was
compared to that from MCD43A4 MODIS product that combines data from MODIS
Terra ~10:30 AM and MODIS Aqua ~1:30 PM overpasses.

To assess the potential impact of varying spatial resolution from different image
sources on LFMC estimates, this study estimated LFMC from Landsat-8 OLI and
MCD43A4 in two ways: using their original spatial resolution of 30 m for Landsat-8 OLI
and 500 m for the MCD43A4, as well as resampling them to 2 km to match the resolution

of AHI data. To evaluate the effect of homogeneity on LFMC estimate, two possible
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thresholds of <15% or <10% NDVlcy from Landsat-8 OLI restricted the LFMC
measurements for validation. The LFMC estimation process was consistent across all
three satellite datasets, except for tts, tto, and psi parameters for the Landsat-8 and
MCD43A4 (Table 5), which were sourced from the metadata of each respective satellite

image.

Table 5. Parameterization of tts, tto, and psi in PROSAILH_5B for LFMC estimation from the
Landsat-8 OLI and Terra+Aqua MODIS data.

Parameters Unit China Australia
Landsat-8 MODIS Landsat-8 MODIS
tts ° 30-50 30-55 14-48 14-48
tto ° 0 10 0 10
psi ° 0 0 0 0

3.6.3 LFMC application to the Queensland and Xichang wildfire cases

This study further examined whether the Himawari-8 AHI can track the sub-daily
changes in LFMC before the occurrence of wildfires. For this purpose, the Xichang
wildfire in southwest China and the Queensland wildfire in southeast Australia were
analysed (Fig. 4). The Xichang wildfire, which occurred on March 30th, 2020, affected
an area of 3,047 ha and mainly comprised evergreen forests. It is the latest severe wildfire
event in China, resulting in the unfortunate lost of 19 firefighters during suppression
efforts. Meanwhile, the Australia 2019/2020 fires led to extensive forest destruction in
southeastern Australia, as documented in previous studies (Bowman et al. 2020; Collins
etal. 2021; Nolan et al. 2020). The selected case study for the Queensland wildfire started
on September 4th, 2019, and encompassed an area of 10,000 ha. This site consisted of
open shrublands, a mixture of woody savannas, and evergreen broadleaf forests, as

determined by the MODIS land cover product MCD12Q1 Collection 6.
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Fig. 4 Wildfire locations in Xichang and Queensland, depicted alongside a false colour
composite from Sentinel-2 Multispectral Instrument (MSI) captured on May 4th, 2020,
for the Xichang wildfire and September 15th, 2019, for the Queensland wildfire. The
composite showcases the NIR, Red, and Blue channels, highlighting burned areas in dark

tones due to their distinct spectral signatures

4. Results

4.1 Validation of Himawari-8 AHI estimates with in-situ data

Fig. 5 presents the overall accuracy of field-measured LFMC versus estimated sub-

daily LFMC from Himawari-8 AHI data (R?=0.61, rRMSE=20.78%, p<0.05). At the sub-
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daily scale, LFMC varies across days for the five sites within the fire season as illustrated

in Fig. 6. Both the measured and estimated LFMC exhibit a general decreasing trend from

morning to afternoon. The relatively high LFMC value observed before noon declined

between 1:00 PM and 3:00 PM, but partially recovered between 3:00 and 4:00 PM on

most days (Fig. 6). However, there was no decline in LFMC between 1:00 and 3:00 PM

on July 31st, 2015 for the QLB site. This can be explained by the limited rainfall during

that time, as evidenced by tracking the rainfall history in this area (Fig. S2). While the

small amount of rainfall temporarily increased the LFMC, the intense solar radiation

quickly dried out the grass. This could potentially account for the observed decline in

LFMC after 14:40.
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Fig. 5 LFMC field measurements versus LFMC estimations from Himawari-8 AHI data.
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Fig. 6 Measured LFMC (green) with their standard deviation error bars (shaded green
areas) versus estimated LFMC (red) from GRG-PROSAILH_5B model with their
standard deviation after multiple iterations (shaded red areas) to validate sub-daily LFMC

dynamics from Himawari-8 AHI at Chinese sites.

4.2 Comparison of LFMC estimates between Himawari-8 AHI, MCD43A4, and Landsat-

8 OLI at daily scale

At the daily scale, a comparison of LFMC estimates between Himawari-8 AHI and
MCDA43A4 using a filter for site homogeneity of NDVIcv <15% revealed that the LFMC
estimates from MCD43A4 had the highest accuracy (R?=0.76, rRMSE=19.73%, p<0.05)
(Fig. 7 a). The LFMC estimates from Himawari-8 AHI and resampled MCD43A4
demonstrated comparable accuracy (R?=0.61, rRMSE=25.38%, p<0.05 and R?=0.63,
rRMSE=25.84%, p<0.05, respectively). When a more restrictive filter of NDVlcy < 10%
for homogeneity testing was applied, the accuracy of all three cases increased (Fig. 7 b).
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The accuracy increased particularly for Himawari-8 AHI (R?: 0.61 to 0.72, and rRMSE:
25.38% to 21.57%) and resampled MCD43A4 (R%: 0.63 to 0.75, and rRMSE: 25.84% to
22.73%) (Fig. 7 a and b). The comparison of LFMC estimates between Himawari-8 AHI
and Landsat-8 OLI (Fig. 7 ¢ and d) data showed a similar trend to that of Himawari-8
AHI and MCD43A4 data (Fig. 7 aand c). Overall, Landsat-8 OLI-based LFMC estimates
achieved the highest accuracy, followed by MCD43A4 and Himawari-8AHI. However,
arestrictive homogeneity test filter (NDVIcv<10%) decreased the differences in accuracy
between these three data. Finally, LFMC was consistently underestimated, with
Himawari-8 AHI data showing the most significant underestimation, followed by
MCD43A4 and Landsat-8 OLI (Fig. 7). This underestimation was more apparent for

LFMC higher than 120%.
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Fig. 7 Estimated versus measured LFMC based on Himawari-8 AHI, Landsat-8 OLI, and
MCD43A4 across field sites in Australia and China (p<0.05). The analysis includes data

using a NDVIcv<15% (a and c) and NDVIcv<10 % (b, and d) site homogeneity filter.

4.3 LFMC dynamics before the Queensland and Xichang wildfires

The LFMC estimates derived from Landsat-8 and MCD43A4 data further
corroborated the decreasing trend in LFMC leading up to the wildfires in both Queensland
and Xichang (Fig. 8 and 9). For the Queensland wildfire case (Fig. 8), the MCD43A4
LFMC product showed a modest decrease of less than <10% from an initial LFMC of
110% between August 16th and 24th, followed by a more rapid decreased of
approximately 20% from August 24th to September 4th. The Landsat-8 OLI LFMC
estimates were available only for August 16th and September 1st, showing a decrease of
approximately 9%. When the sub-daily Himawari-8-based LFMC was averaged on a
daily scale, it also exhibited a decline of around 8% during this period. Similarly, for the
Xichang wildfire case (Fig. 9), LFMC estimates derived from Landsat-8 OLI, MCD43A4,
and daily averaged Himawari-8 AHI data showed declines of approximately 7%, 6%, and

5%, respectively, within a 16-day period.
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scale), mean Himawari-8 AHI (red line, sub-daily scale), and the minimum LFMC from
Himawari-8 AHI (dotted red line, sub-daily scale) (top figure), as well as zoomed-in view
of Himawari-8 AHI LFMC product, showing hourly intervals from August 16th to

September 4th, 2019, captured every 5 days (bottom figure).

According to LFMC estimates derived from Himawari-8 AHI data collected from
August 16th and September 4th, 2019, every 5 days over the Queensland wildfire region
(Fig. 8), the standard deviation (SD) of the hourly mean LFMC closely resembled the
LFMC variation at the 16-day scale. Specifically, the SD of the 16-day mean LFMC was
found to be 3.62% while the SD of the sub-daily hourly LFMC was 3.45%. Conversely,
when examining the Xichang wildfire data (Fig. 9), it became apparent that the sub-daily
hourly variation of LFMC, with an SD of the hourly mean LFMC at 2.51%, was greater
than the variation observed at the 16-day scale where the SD of the 16-day mean LFMC
stood at 1.74%. This observation suggests that LFMC may not exhibit significant
variations at the same time on different days but tends to exhibit significant fluctuations
at the sub-daily scale. In both areas, LFMC typically began to decline after 10:00 AM,
reaching its lowest value around 2:00 PM - 3:00 PM before gradually recovering.
Notably, on September 4th, 2019, the Queensland wildfire started from the northwest
region at approximately 2:00 PM, coinciding with LFMC’s lowest daily value of around
95%, representing a decline of approximately 20% since 10:00 AM. Similarly, the
Xichang wildfire started around 4:00 PM and saw a decrease of approximately 15% in

LFMC since 10:00 AM.
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Himawari-8 AHI (red line, sub-daily scale) , and the minimum LFMC from Himawari-8
AHI (dotted red line, sub-daily scale) (top figure), as well as zoomed-in view of
Himawari-8 AHI LFMC product, showing hourly intervals from March 13th to 30th,

2020, captured every 5 days (bottom figure).

5. Discussion

5.1 Enhancing LFMC monitoring with sub-daily observations from Himawari-8 AHI:

Implications for Wildfire Management

This study presented the first sub-daily LFMC estimation from the Himawari-8
geostationary satellite. Previous works detected sub-daily variations of vegetation water
but from airborne MODIS/ASTER simulator (MASTER) (Cheng et al. 2013) and
Airborne Visible/Infrared Imaging Spectrometer (AVIRIS) instrument (Cheng et al.
2014). Rather than LFMC, they estimated canopy water content (CWC) that includes LAI.
In addition, LFMC depends on dry matter content, but CWC does not. These studies
measured morning to afternoon declines on the ground of ~9% CWC on drip-irrigated
nut tree orchards causing a ~4% decline in NDII (Cheng et al. 2013), but they did not
assess natural vegetation. This study demonstrates that the sub-daily LFMC dynamics can
be captured using observations from Himawari-8 at a large scale, contributing to
monitoring fire danger and behavior over the course of a day.

LFMC estimations in previous literature were mainly based on polar-orbiting
satellite data, such as Landsat (TM, ETM+, OLI) and MODIS products (Chuvieco et al.
2002a; Garcia et al. 2020; Quan et al. 2017; Quan et al. 2021c; Sibanda et al. 2021; Yebra
et al. 2018). Landsat-8 in combination with the new Landsat-9 improves the LFMC
temporal resolution from 16 to 8 days of data (Lulla et al. 2021; Masek et al. 2020).

Together with Sentinel-2A/B satellites, it is possible to estimate LFMC at 10-30 m spatial
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resolution every 5 days or less, depending on the latitude (Garcia et al. 2020; Marino et
al. 2020). Despite this, it is still unfeasible to capture sub-daily LFMC changes, like
Himawari-8 AHI does every 10 mins. For MODIS, a morning and an afternoon product
at a better spatial resolution than Himawari-8 AHI are technically possible for sub-daily
LFMC monitoring, after an independent BRDF correction. Nevertheless, there are only
two MODIS overpasses at daylight, from Terra satellite at ~10:30 AM and Aqua at ~1:30
PM. Therefore, such MODIS product gives limited opportunities to obtain cloud-free
images in comparison to Himawari-8 AHI and misses to capture the large LFMC decay
observed from 10:30 AM to 2:30 PM by Himawari-8 AHI. The short-term variation in
LFMC observed in this study with Himawari-8 AHI data exceeded those observed on a
daily scale, highlighting the significance of sub-daily LFMC dynamics that could
potentially influence fire behavior. Furthermore, Himawari-8 AHI LFMC could take
advantage of the higher spatial resolution offered by Landsat-8 OLI and MODIS by fusing
with data from these sensors through spatiotemporal time series analysis (Wang and
Atkinson 2018; Zhou et al. 2021).

Improved temporal LFMC estimates potentially result in better wildfire monitoring
(Yebra et al. 2013; Yebra et al. 2018). Himawari-8 AHI has a relatively moderate spatial
resolution (2 km), but it is still higher than the gridded meteorological data or soil
moisture information used as a proxy of moisture conditions in many fire danger rating
systems (Caccamo et al. 2012; Ruffault et al. 2018; Vinodkumar et al. 2021). In addition,
Himawari-8 AHI is suitable for near real-time monitoring, as it has only ~30 mins latency
time between satellite imaging time and the downloadable time from JMA. Instead,
Landsat-8 OLI needs 15-17 days’ latency time for Level-2 surface reflectance from the
USGS. This delay for users to access these data makes them unrealistic for near real-time

LFMC for wildfire monitoring (Wu et al. 2019). MODIS 16-day composite MCD43A4
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can be built within minutes of acquisition with their direct broadcast system
(https://directreadout.sci.gsfc.nasa.gov/), but there are only two daylight overpasses per

day.

5.2 Challenges and considerations in sub-daily LFMC estimation using Himawari-8

AHI Data

This study demonstrates the promising potential of Himawari-8 AHI data for sub-
daily LFMC estimation. However, uncertainties are inherent in this database. For example,
variations in solar zenith angles, particularly in the early morning and late afternoon (Fig.
8 and 9). Despite efforts were made to account for the dynamic interplay between solar
angles, scene geometry, and sensor observations in the acquisition of Himawari-8 AHI
reflectance data, changes in solar angles still impact LFMC estimates by altering the
proportion of shadow cast in the scene. However, it is important to note that the influence
of solar angle variation on LFMC estimates is relatively minor compared to the
pronounced sub-daily LFMC fluctuations. These sub-daily variations in LFMC may be
attributed to the daily maximal vapor pressure defect (VPD), which triggers elevated
transpiration rates (Griebel et al. 2023; Griebel et al. 2020; Griebel et al. 2022; Sun et al.
2010). In other words, during periods of maximum VPD, there are short-term declines in
LFMC, followed by a subsequent recovery. This midday decrease and subsequent water
potential recovery is well documented in the plant physiology literature (Griebel et al.
2022; Nolan et al. 2022; Nolan et al. 2018; Sun et al. 2010). Additionally, it is worth
noting that weather conditions can also influence LFMC variations, but this relationship
is non-linear and intricate. This complexity is particularly evident in regions with diverse
climate patterns, vegetation species, and geographical conditions, as is the case in this

study (Fig. S3).
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The wide view angles of the Himawari-8 satellite, especially in areas such as western
China, may introduce uncertainty in estimating LFMC, partly caused by the varying
spatial size of the AHI pixel. However, this issue can be effectively mitigated by
leveraging the Himawari-8 L1 Gridded data obtained from the AHI. This data has
undergone official resampling procedures to ensure equal latitude-longitude grids and a
spatial resolution at a nadir of approximately 0.02° (~2 km). Moreover, the selected sites
typically have an area larger than 2 km x 2 km, especially in western China, to ensure the
complete location of the AHI pixel within the site area, and maintain consistent species,
weather conditions, and terrain characteristics within each site (section 2.1). Additionally,
this study has thoroughly taken into account the geometric observation parameters within
the PROSAILH RTM during the reflectance modelling phase. This RTM has been widely
used for simulating BRDF, enhancing our ability to address geometric considerations. To
comprehensively explore the impact of geometric observation on LFMC estimation,
ongoing research is currently underway to compare LFMC estimates obtained from both
Himawari-8 and Geostationary Korea Multi-Purpose Satellite-2A (GK-2A). Although
these two geostationary satellites possess similar spectral configurations, they
significantly differ in terms of their view angles. Specifically, Himawari-8 operates at
approximately 140.7° E, and the GK-2A operates at around 128.2° E. This combination
of shared spectral configuration characteristics and divergent viewing angles positions
these satellites as ideal candidates for a detailed investigation into the impact of geometric
observation on LFMC estimation.

The heterogeneity within the coarse spatial resolution of the Himawari-8 AHI pixel
also affected the wvalidation accuracy. Sampling sites with highly heterogeneous
vegetation were excluded at the 2 km Himawari-8 AHI spatial resolution based on

Landsat-8 OLI when NDVlcv > 15%, but the effect of heterogeneity still persisted. This
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was demonstrated by the higher LFMC accuracy of 30 m Landsat-8 OLI and 500 m
MCD43A4 data compared to the 2 km Himawari-8 AHI (Fig. 7). When the Landsat-8
OLI and MCD43A4 data were resampled to a 2 km scale to match the Himawari-8 AHI,
the accuracy of LFMC estimates decreased. Moreover, by applying NDVIcy < 10%, the
LFMC estimate increased for all these data, and the accuracy difference between these
three data sets became smaller as more homogeneous vegetation leads to better LFMC

estimations (Chuvieco et al. 2002b).

5.3 Enhancing wildfire risk assessment with sub-daily LFMC and its role in the fire

environment

Three pivotal factors are essential for understanding the wildfire risk: topography,
weather, and fuel; collectively shaped by the ‘fire environment triangle’ (Countryman
1972; Pyne et al. 1996). In addition to this, ignition sources like lighting and human
activities significantly contribute to wildfire occurrences (Abatzoglou and Williams
2016; Andela et al. 2017; Chuvieco et al. 2021; Parisien et al. 2016). LFMC serves as a
crucial component in forecasting ignition potential, while lower LFMC values indicate a
higher wildfire potential (Rao et al. 2023; Yebra et al. 2013; Yebra et al. 2018). Quan et
al. (2021b) previously modelled wildfire risk for China by considering daily MCD43A4-
derived LFMC data, but a higher temporal resolution in LFMC mapping offers distinct
advantages for proactive wildfire risk assessment. With the sub-daily LFMC data
presented in this study, there is the potential to enhance the wildfire danger assessment

from a daily to a finely detailed sub-daily hourly scale.
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6. Conclusion

This study presented a novel approach, combining the GRG method and RTM, to
achieve sub-daily LFMC estimations from Himawari-8 AHI data. The method effectively
addressed the challenges posed by dynamic sun-target-sensor geometry and ill-posed
RTM inversion, enhancing the accuracy of LFMC estimations. Field LFMC
measurements conducted in China validated the sub-daily Himawari-8 AHI LFMC
estimations, demonstrating reasonable accuracy. Comparison with other satellite products
at the inter-daily scale yielded promising results, highlighting the potential of Himawari-
8 AHI LFMC data for wildfire risk assessment and behavior prediction. The GRG-RTM
approach adopted here not only accelerated convergence, but also improved inversion
accuracy for the LFMC estimations. Himawari-8 AHI’s continuous and near real-time
data stream provides sub-daily LFMC information for wildfire risk and behavior
assessment. While the Himawari-8 AHI LFMC product rendered similar performance in
comparison to other inter-daily satellite products and also reasonable agreement with field
LFMC data, further validation across broader geographic scales is recommended to

ensure its applicability at the continental scale.
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